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How should cost data in pragmatic randomised trials be
analysed?
Simon G Thompson, Julie A Barber

Pragmatic randomised trials are usually large scale
multicentre studies in which interventions or medical
policies are compared in a realistic setting.1 The inten-
tion is that conclusions from these trials, if accepted,
can be adopted directly into medical practice.2

Economic evaluations carried out alongside these trials
are increasingly common because it is often important
to assess costs and cost effectiveness as well as clinical
outcomes.3 Costs are usually derived from information
about the quantity of healthcare resources used by
each patient in the trial. The quantities of each
resource used are multiplied by fixed unit cost values
and are then summed over the separate types of
resource to give a total cost per patient.4

This information leads to a range of different costs
across participants in the trial. As an example, the
figure shows the distribution of costs in women with

menorrhagia randomised to treatment with endome-
trial resection or abdominal hysterectomy.5 Such highly
skewed distributions are typical of cost data; the long
right hand tail reflects the fact that some patients incur
high costs because of factors such as medical
complications, reoperation, or extended hospital stay.

What aspect of cost data is important?
When information about the costs of alternative
treatments is to be used to guide healthcare policy
decision making, it is the total budget needed to treat
patients with the disease that is relevant. For example,
healthcare planners may need information about the
total annual budget required to provide a treatment at a
particular hospital. An estimate of this total cost is
obtained from data in a trial by multiplying the arithme-
tic mean (average) cost in a particular treatment group
by the total number of patients to be treated. It is there-
fore the arithmetic mean that is the informative measure
for cost data in pragmatic clinical trials.

Other measures, however, are often reported when
describing cost data. For example, the median cost is
the value below and above which the costs of half the
patients lie. Another measure, the geometric mean
cost, can be derived by transforming the costs onto a
logarithmic scale, calculating the average, and
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Distribution of costs from a trial comparing endometrial resection
with hysterectomy in women with menorrhagia. Costs are based on
health resource use from randomisation to two years; they include
preoperative, operative, hospital stay, complications, retreatment, and
primary care components5

Summary points

Health economic evaluations are now commonly
included in pragmatic clinical trials that inform
policy decisions

Despite the usual skewness in the distribution of
costs, it is the arithmetic mean that is the most
informative measure

Measures other than the arithmetic mean do not
provide information about the cost of treating all
patients, which is needed as the basis for
healthcare policy decisions

Statistical analysis based on transforming cost
data or comparing medians using standard
non-parametric methods may provide misleading
conclusions

Department of
Medical Statistics
and Evaluation,
Imperial College
School of Medicine,
London W12 0NN
Simon G
Thompson
professor
Julie A Barber
research fellow

Correspondence to:
S G Thompson,
MRC Biostatistics
Unit, Institute of
Public Health,
Cambridge
CB2 2SR

simon.thompson@
mrc-bsu.cam.ac.uk

BMJ 2000;320:1197–200

1197BMJ VOLUME 320 29 APRIL 2000 bmj.com



transforming this back. For positively skewed data
such as those in the figure, the median and geometric
mean are always less than the arithmetic mean. For
example, in the endometrial resection group, the
median cost was £523, the geometric mean was £683,
and the arithmetic mean was £790. The extent of dif-
ferences between these quantities depends on the
shape and skewness of the distribution. Hence, in the
hysterectomy group, in which cost data are less
skewed, the median of £1053 and the geometric mean
of £1100 are closer to the arithmetic mean of £1110.

Measures other than arithmetic means may be use-
ful for some purposes. For example, the median cost
may be used to describe a “typical” cost for an
individual. Knowledge of the probability of incurring a
particularly extreme cost may be useful to a medical
insurance company. Measures other than the arithme-
tic mean, however, do not provide information about
the total cost that will be incurred by treating all
patients, which is needed as the basis for healthcare
policy decisions.

How should costs be compared?
Many commonly used statistical methods require that
data approximate a symmetrical bell shaped—or
normal—distribution. Researchers have therefore cho-
sen statistical techniques which try to deal with the
skewness in the distribution of cost data. At first sight
this is reasonable, given the advice in statistical
guidelines and textbooks. For example, the BMJ ’s
statistical guidelines state that “data which have a
highly skewed (asymmetrical) distribution . . . may
require either some transformation before analysis or
the use of alternative ‘distribution free’ methods.”6 A
transformation of the data, such as a logarithmic trans-
formation, might be used to achieve a more normal
distribution, for which “parametric” methods such as a
t test are appropriate. Alternatively, “non-parametric”
or distribution free methods, which are appropriate for
any shape of distribution, could be used.

This conventional advice implies that the method
of analysis should be chosen on the basis of the shape
of the distribution of the data. However, the method of
analysis used also has important implications for the
interpretation of results, since different methods com-
pare different aspects of the distributions. A t test on
untransformed data compares arithmetic means, while
a t test on log transformed data compares geometric
means. The Mann-Whitney U test, a non-parametric
method, is often interpreted as a comparison of medi-
ans, although it is in fact an overall comparison of dis-
tributions in terms of both shape and location.7 Out of
these three tests, only the t test on untransformed data
can be appropriate for costs, since it is the only one that
addresses a comparison of arithmetic means. A
legitimate concern, and the basis of the conventional

statistical guidelines, is that methods based on the t test
are strictly valid only if the cost data are normally dis-
tributed.8 However, a t test, and the confidence interval
derived from it, will be reliable if either the skewness is
not too extreme or the sample sizes are moderately
large—an issue to which we return later.

Examples from three recent publications
In a pragmatic randomised trial comparing hospital at
home with inpatient hospital care, the strategy for sta-
tistical analysis was as follows: “When appropriate, data
with non-normal distributions was log transformed
before further parametric analysis was done. The
Mann-Whitney U test was used for continuous data
that did not approximate a normal distribution after
log transformation.”9 The table shows the result of this
strategy for the group of hip replacement patients
included in the trial. Arithmetic mean hospital costs
were compared by using a t test, general practitioner
costs were presented as medians and compared with a
Mann-Whitney U test, and, although total costs were
presented as arithmetic means, geometric means were
compared statistically by using an analysis based on log
transformed values. The confusion over methods of
analysis and their resulting presentation is obvious. It
stems, however, from following the conventional
guidelines for the statistical analysis of continuous data.
In addition, presenting arithmetic means while
comparing geometric means statistically (which was, it
seems, recommended recently10) can only encourage
misinterpretation.

In a second example, a pragmatic randomised trial
was carried out to assess the cost effectiveness over one
year of day hospital compared with inpatient treatment
for patients with acute psychiatric illness.11 Because the
cost data were skewed, the authors used medians to
summarise the distributions and the Mann-Whitney U
test to make comparisons between groups. This analy-
sis showed that total patient costs were statistically sig-
nificantly lower in the day hospital group. It does not
follow, however, that the arithmetic mean costs were
also significantly lower. So the authors’ conclusion that
day hospital treatment was cheaper overall, which has
direct policy implications, is not justified by the statisti-
cal analysis presented.

A similar example is provided by a pragmatic
randomised trial evaluating care for discharged psychi-
atric patients. In this study, community multidisciplinary
teams and hospital based care over one year were com-
pared.12 Arithmetic mean, median, and geometric mean
costs were presented, but only the geometric mean costs
were compared statistically, using a t test on log
transformed values “to correct for skewed distribution.”
As for medians in the previous example, the non-
significant difference in geometric mean costs cannot be
taken to imply a similar result for arithmetic mean costs.

Example of published comparison of cost data: costs (£) over 3 months after hospital admission for hip replacement patients
allocated to hospital at home or inpatient care9

Hospital at home (n=36) Inpatient (n=49) Difference (95% CI) P value

Mean (SD) hospital costs 515.42 (473.20) 776.30 (364.53) Arithmetic mean: −260.87 (−441.56 to −80.19) <0.01

Mean (SD) hospital at home costs 351.24 (240.58) — —

Median (interquartile range) GP costs 42.84 (0-64.61) 15.49 (0-45.19) Mann-Whitney U test 0.06

Mean (SD) total health service costs 911.39 (563.76) 815.70 (347.99) Ratio of geometric means: 1.05 (0.87 to 1.27) 0.59
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Does the choice of method matter?
In these examples, it is not clear whether using a com-
parison of arithmetic means would have changed the
conclusions. The reader cannot be sure and cannot
therefore draw reliable conclusions from the analyses
presented. As the necessary analyses can readily be
performed when original data are available, it is easy to
find examples to show that the choice of method of
analysis can make a difference to the conclusions. In a
trial comparing a community based exercise pro-
gramme and usual general practitioner care for
patients with low back pain, the arithmetic mean costs
over 12 months were £360 and £508 respectively.13

Using t test based methods to assess the mean
difference of £148 gave a 95% confidence interval of
− £146 to £442 and a non-significant P value of 0.32,
thus providing no evidence of a difference. However, a
Mann-Whitney U test applied to the same data gave a
significant P value of 0.02, which would be interpreted
as substantial evidence of a cost difference. Clearly,
these two methods lead to very different interpreta-
tions for the cost evaluation, and if the Mann-Whitney
U test had been used it would have been extremely
misleading.

Another example is provided by the subgroup of
hysterectomy patients included in the hospital at home
trial described above.9 It was stated that in this case
“health service costs were significantly higher for those
allocated to hospital at home care.” The conclusion was
based on a comparison of geometric means, the cited
P value being < 0.01. However, using the arithmetic
means and standard deviations reported in the paper
to carry out a standard t test gives a less significant
P value of 0.1. Again, these two analyses lead to differ-
ent interpretations.

How common are these problems?
A recent review of 45 randomised trials that included
economic evaluations and were published in 1995
showed serious inadequacies in the use of statistical
methods for costs.14 Among the papers that reported
statistical comparisons, only half used methods that
addressed differences in arithmetic means, and others
used inappropriate non-parametric approaches (for
example, Mann-Whitney U test) or log transformation
approaches. The situation is made worse by recent arti-
cles giving incorrect or misleading advice about the
statistical analysis of cost data. Although it has been
mentioned that standard non-parametric methods are
inappropriate, several authors have (wrongly) recom-
mended carrying out analyses on log transformed cost
data.15–18 These recommendations have influenced
methods of analysis used in subsequent studies.19 In the
context of cost data, the unthinking application of con-
ventional statistical guidelines for analysing skewed
data leads to inappropriate analyses and potentially
misleading conclusions.

Appropriate methods of analysis
Given the need to compare treatment groups in terms
of arithmetic mean costs, standard approaches such as
t tests seem to be appropriate. Indeed, in the review of
published economic evaluations, t tests were used for
all the comparisons of arithmetic means reported.14

Their validity, however, relies on assumptions of
“normality” and so is questionable for skewed cost
data.8 Although these methods are known to be fairly
robust to non-normality, especially if the sample size is
large, robustness for a particular data set is difficult to
judge.7 Standard methods for comparing arithmetic
mean costs therefore may have to be used with caution.

One alternative approach is the non-parametric
bootstrap.20 This method avoids the need to make
assumptions about the shape of the distribution, such
as normality, and uses instead the observed distribu-
tions of the cost data in the study being analysed.
Statistical analysis is based on repeatedly sampling
from the observed data, using a computer program.21

Bootstrap methods can be used for hypothesis tests,
calculating confidence intervals and regression analy-
ses. The application of the non-parametric bootstrap to
test and derive confidence intervals for differences in
arithmetic mean costs has recently been described.21 22

As yet, bootstrap methods have not often been used for
analysing costs in practice, although there are some
recent examples.13 23–25

In our experience, the results from standard t tests
and t test based confidence intervals are adequate in
most realistic situations for comparing arithmetic mean
costs between two groups. For cost data in general, we
prefer methods that do not assume that the standard
deviations in the two groups are the same.26 For
example, in the menorrhagia trial (see figure), the 95%
confidence intervals for the difference in arithmetic
mean costs between groups (£320) were very similar
whether a t test based method or bootstrap method was
used (£204 to £437 and £192 to £426, respectively). This
is despite the skewness of the cost data, especially in the
endometrial resection group, and the moderate number
of patients in each group (78 and 70). Even with lower
sample sizes of about 15-20 patients per group and
highly skewed cost data, results can be similar. For exam-
ple, in a pilot trial of cognitive behavioural therapy for
patients with deliberate self harm, P values for the t test
and a bootstrap test were almost identical (0.20 and 0.21
respectively) and the methods again gave fairly similar
confidence intervals.23

Conclusions
In cost evaluations designed to have an impact on
medical policy, it is the total healthcare cost that is
important. Thus, despite the usually skewed distribu-
tion of cost data, it is analyses of arithmetic means that
are informative. A simple t test of untransformed costs
may be sufficient, but the validity of these results, espe-
cially for small samples or extremely skewed data,
should be checked by using bootstrap techniques.
There is a need for economic and statistical guidelines
to be revised to emphasise these issues, since basing
important policy decisions on studies that use
inappropriate methods of analysis for costs may do
more harm than good.
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Income inequality and mortality: importance to health
of individual income, psychosocial environment, or
material conditions
John W Lynch, George Davey Smith, George A Kaplan, James S House

Studies on the health effects of income inequality have
generated great interest. The evidence on this
association between countries is mixed,1–4 but income
inequality and health have been linked within the
United States,5–11 Britain,12 and Brazil.13 Questions
remain over how to interpret these findings and the
mechanisms involved. We discuss three interpretations
of the association between income inequality and
health: the individual income interpretation, the
psychosocial environment interpretation, and the neo-
material interpretation.

Methods
We reviewed the literature through traditional and
electronic means and supplemented this with correla-
tional analyses of gross domestic product and life
expectancy and of income inequality and mortality
trends based on data from the World Bank,14 the World
Health Organization,15 and two British sources.16 17

The individual income interpretation
According to the individual income interpretation,
aggregate level associations between income inequality
and health reflect only the individual level association
between income and health. The curvilinear relation
between income and health at the individual level18 19 is

Summary points

Income inequality has generally been associated
with differences in health

A psychosocial interpretation of health
inequalities, in terms of perceptions of relative
disadvantage and the psychological consequences
of inequality, raises several conceptual and
empirical problems

Income inequality is accompanied by many
differences in conditions of life at the individual
and population levels, which may adversely
influence health

Interpretation of links between income inequality
and health must begin with the structural causes
of inequalities, and not just focus on perceptions
of that inequality

Reducing health inequalities and improving
public health in the 21st century requires strategic
investment in neo-material conditions via more
equitable distribution of public and private
resources

Education and debate

Department of
Epidemiology,
School of Public
Health, University
of Michigan,
109 Observatory
Street, Ann Arbor,
MI 48109-2029,
USA
John W Lynch
assistant professor
George A Kaplan
chair

Survey Research
Center, Institute for
Social Research,
University of
Michigan
James S House
director

Department of
Social Medicine,
University of
Bristol, Bristol
BS8 2PR
George Davey
Smith
chair

Correspondence to:
J W Lynch
jwlynch@sph.
umich.edu

BMJ 2000;320:1200–4

1200 BMJ VOLUME 320 29 APRIL 2000 bmj.com


